All 'Resting-state fMRI in Dementia Patients' subjects files are available from the Harvard Dataverse database (doi:[10.7910/DVN/29352](http://doi.org/10.7910/DVN/29352)).

Introduction {#sec001}
============

Functional connectivity is one of the gateways through which a network representation of the brain's interactions can be sought. These connectivities can be weighted based on the strength of the correlations between regions over time. This measures may provide information on the underlying reasons that clinical symptoms occur at different disease stages. Researchers have used functional connectivity values to assess changes in the strength of interaction between groups of key regions \[[@pone.0231294.ref001], [@pone.0231294.ref002]\]. These methods can provide clear results but do not take the holistic view required to capture how variations in functional connectivity can change the functional networks of the brain. Graph theory and network neuroscience methods exist for evaluating structural network changes \[[@pone.0231294.ref003]\], with the assessment of functional connectivity of subjects in resting-state a popular field of study \[[@pone.0231294.ref004]\]. But these graph structural assessments do not explicitly capture the changing relationship between nodes. It is also important to note that these methods often require binarisation and thresholding of the functional connectivity matrices, which are all-to-all, weighted, adjacency matrices. Binarisation produces an unweighted graph, which is potentially an inaccurate representation of a neuronal network since connections are known to vary in strength \[[@pone.0231294.ref005]\]. Thresholds are frequently applied to remove potentially spurious low weight connections, but their application can be controversial as the choice of threshold value can affect the results \[[@pone.0231294.ref005]--[@pone.0231294.ref007]\]. To address this problem some unbiased thresholds have been proposed, such as the Cluster-Span Threshold \[[@pone.0231294.ref008]\].

This paper focuses on Alzheimer's disease (AD) and amnestic Mild Cognitive Impairment (aMCI). AD is the most common type of dementia. It is typically characterised by a marked decline in episodic memory, with deficits occurring in other cognitive domains such as in language, visuospatial and executive functioning. Individuals with aMCI present with impairments in memory, but their other cognitive domains remain relatively intact. Not all individuals with aMCI are in the early stages of AD, but people with this pattern of symptomology are at high risk of conversion to the disorder \[[@pone.0231294.ref009]\]. There has been a large body of work documenting the changes in regional brain volume as AD progresses, for example, individuals with aMCI that later convert to Alzheimer's disease have been shown to have greater atrophy of the left hippocampus than those who do not \[[@pone.0231294.ref010]\]. Volumetric analysis is useful but it does not inform on how brain dynamics are modified by AD, with *functional magnetic resonance imaging* (fMRI), the data is able to offer information on the regulation of brain networks that can provide additional markers of disease. Decreased functional connectivity has also been proposed as a biomarker for AD \[[@pone.0231294.ref011]\].

The theoretical basis for eigenvector alignment, proposed in this paper as a tool for detecting and quantifying changes in functional alignment, is a method of influential community detection, referred to as communities of dynamical influence (CDI) \[[@pone.0231294.ref012]\]. Communities are usually detected by an increased density of connections, but for CDI this density is implicitly captured by proximity and alignment to the network's most influential nodes. Communities have been detected in a similar manner before, with \[[@pone.0231294.ref013]\] also employing eigenvectors to define divisions in the network structure, and CDI itself has been applied in the same context of comparing AD and aMCI subjects \[[@pone.0231294.ref014]\]. But by breaking CDI down into its two main components, which are eigenvector centrality and eigenvector alignment, we can gain insights into the shifting relationships between brain regions. Eigenvector centrality is an established metric in network science for determining the influence of a network node in terms of the flow of information around a system \[[@pone.0231294.ref015], [@pone.0231294.ref016]\]. Eigenvector alignment is presented herein as a method to determine the alignment of Regions of Interest (ROIs) when they are embedded in Euclidean space defined by the system's dominant eigenvectors. Eigenvectors capture every change in functional connectivity to provide an insight into functional network changes across the whole brain, with eigenvector alignment able to identify the impact on any two ROIs. Interestingly, our approach draws strong parallels to \[[@pone.0231294.ref017], [@pone.0231294.ref018]\], where a measure of functional connectivity itself is derived by converting ROIs from an anatomical space to a functional space (or eigenimage).

Eigenvectors have been used previously to identify circuitry in neuronal networks, where \[[@pone.0231294.ref019]\] essentially applied spectral bisection but using a selection of eigenvectors, not just the second dominant eigenvector, to reveal known associations of neurons in a *C. elegans* neuronal network. An expansion of this approach for identifying neuronal circuitry, but using multiple eigenvectors in combination, has also been presented in \[[@pone.0231294.ref020]\].

Eigenvector alignment is applied throughout this paper using three dominant eigenvectors, which is suggested in \[[@pone.0231294.ref012]\] as a trade-off between capturing community structure from the network and ensuring that those communities represent the most important divisions in terms of information flow dynamics. The most dominant eigenvectors are associated with the eigenvalues of largest magnitude. When treating the adjacency matrix as a linear transformation these eigenvectors capture the direction of greatest linear change for this transformation. Hence, these vectors highlight the ROIs that are most important for the movement of information around the network and likely to be the most critical if disrupted.

Materials and methods {#sec002}
=====================

In order to compare the functional connectivity between the AD, aMCI and Healthy Control (HC) groups, a connectivity matrix is generated for each subject from their resting-state fMRI scan. The connectivity is only considered between a series of predefined brain regions, each defined as a ROI. This results in an all-to-all, weighted and undirected connectivity matrix that captures the strength of the functional connectivity between ROIs. A threshold is applied to reduce the weakest connections and the dominant eigenvectors are calculated for each matrix. These eigenvectors then form the basis for comparing subjects within and between the AD, aMCI and HC groups.

Dataset {#sec003}
-------

The fMRI resting state data that is analysed in this work is from the 'Resting-state fMRI in Dementia Patients' dataset \[[@pone.0231294.ref021]\] (Harvard Dataverse). The MRI data was obtained using a Siemens 3T MRI system (Magnetom Allegra, Siemens, Erlangen, Germany) for ten patients with a probable AD diagnosis, 10 aMCI patients \[[@pone.0231294.ref022]\] and 10 healthy elderly subjects (HC). Probable AD diagnosis was defined by NINCDS-ADRDA consensus criteria \[[@pone.0231294.ref023]\], with a general cognitive evaluation made using Mini-Mental State Examination (MMSE). The mean MMSE score was 21.5 (standard deviation, SD, 3.7) for the AD group, 25.8 (SD 2.3) for the aMCI group and 29.3 (SD 0.67) for the HC group. The mean age of the AD group was 72.3 (SD 8.3), the mean of the MCI group was 70.7 (SD 7.1) and the mean of the HC group was 66.0 (SD 9.6). The mean education was 8.6 (SD 3.6) in the AD group, 11.1 (SD 3.5) in the MCI group and 14.5 (SD 3.0) in the HC group. There were 6 females in the AD group, 4 in the MCI group and 3 in the HC group. For additional details on the participants in the dataset, see \[[@pone.0231294.ref024]\].

The subjects underwent a resting state echo-planar imaging (EPI) fMRI scan (TR = 2080 ms, TE = 30 ms, 32 axial slices parallel to AC-PC plane, matrix 64 × 64, in plane resolution 3 × 3mm^2^, slice thickness = 2.5 mm, 50% skip, flip angle = 70 degrees). The duration of the scan was 7 minutes and 20 seconds, yielding 220 volumes. Subjects were instructed to keep their eyes closed throughout, refrain from thinking of anything in particular and to avoid falling asleep. An anatomical T1-weighted three dimensional MDEFT (modified driven equilibrium Fourier transform) scan was also acquired for each subject (TR = 1338 ms, TE = 2.4 ms, TI = 910 ms, flip angle = 15 degrees, matrix = 256 × 224 × 176, FOV = 256 × 224mm^2^, slice thickness = 1 mm, total scan time = 12 min).

Preprocessing {#sec004}
-------------

The functional data is preprocessed using the CONN toolbox (CONN: functional connectivity toolbox, \[[@pone.0231294.ref025]\]) for SPM12 ([www.fil.ion.ucl.ac.uk/spm](http://www.fil.ion.ucl.ac.uk/spm)) and MATLAB version 2018a.

### Spatial preprocessing {#sec005}

The first four volumes of the functional scans were removed in order to eliminate any saturation effects and to allow the signal to stabilise. Functional data is slice-time adjusted and corrected for motion. The high resolution T1 weighted anatomical images were coregistered with the mean EPI image. They were segmented into grey matter (GM), white matter (WM), and cerebrospinal fluid (CSF) masks and were spatially normalised to the Montreal Neurological Institute (MNI) space \[[@pone.0231294.ref026]\]. The obtained transformation parameters were then applied to the motion corrected functional data, and an 8mm FWHM Gaussian kernel was applied for spatial smoothing. It should be noted that the use of spatial smoothing on fMRI data can affect the properties of functional brain networks, including a possible over-emphasis on strong, short-range, links as well as changes in the identities of hubs of the network and decreased inter-subject variation \[[@pone.0231294.ref027]\].

### Temporal filtering {#sec006}

The aCompCor technique is applied to mitigate against physiological and movement-related noise. This technique identifies and removes the first five principal components of the signal from the CSF and WM masks (eigenvectors of the PCA decomposition of the EPI timecourse averaged over the CSF and WM), as well as the motion parameters, their first-order temporal derivatives and a linear detrending term \[[@pone.0231294.ref028]\]. This process resulted in the exclusion of one subject from the AD group due to excessive motion. Scrubbing and motion regression were also performed with the preprocessed functional data then it was bandpass filtered (0.008Hz \< *f* \< 0.09Hz) using a fast Fourier transform (FFT).

Connectivity matrix generation {#sec007}
------------------------------

The CONN atlas, which combines the FSL Harvard-Oxford cortical and subcortical areas and the AAL atlas cerebellar areas, is used to define one hundred and thirty-two (132) ROIs. Connectivity between the 132 ROIs is assessed for each subject using their 7-minute resting state scan. We constructed 132 x 132 ROI-to-ROI correlation (RRC) matrices of Fisher z-transformed bivariate correlation coefficients (Pearson's r) using the ROIs described above. For each subject, a graph adjacency matrix *A*(*i*, *j*) is computed by thresholding the RRC matrix r(i,j) using the Cluster-Span Threshold (CST \[[@pone.0231294.ref008]\]). The adjacency matrices, prior to thresholding, are available at \[[@pone.0231294.ref029]\].

Cluster-Span Threshold {#sec008}
----------------------

An unbiased Cluster-Span Threshold (CST) \[[@pone.0231294.ref008]\] is used for generating the adjacency matrix. CST is especially suitable as it is able to distinguish between HC and AD subjects when applied to their functional connectivity matrices \[[@pone.0231294.ref030]\]. The threshold is defined based on a clustering coefficient, *C*, that for a given network balances the number of triples that are clustered, forming loops, with those that are spanning, forming trees. A triple is formed by at least two edges connecting 3 nodes. Triples that are also clustered are those that form triangles where each of the three nodes are connected to the other two. A triple that does not form a triangle/cluster is defined as a spanning triple. The threshold generates a topology that excludes edges with weights smaller than the chosen value. CST is selected so that the topology generated contains the same number of clustered triples and spanning triples. The use of thresholds is a common practice to filter out connections that may only be present because of noise in the fMRI data. The choice of threshold can affect the results of a study \[[@pone.0231294.ref005]--[@pone.0231294.ref007]\], so we briefly compare the use of CST in the Results section with a selection of arbitrary thresholds.

Communities of dynamical influence {#sec009}
----------------------------------

For each subject's connectivity network, the ROIs can be assigned into communities of dynamical influence (CDI) based on the strength and selection of their connections, as described in \[[@pone.0231294.ref012]\] and available at \[[@pone.0231294.ref031]\]. CDI identifies communities based on their alignment in Euclidean space defined by multiple (often three) of the system's dominant eigenvectors (those associated with the dominant eigenvalues). The nodes, which are further from the origin of this coordinate system than any of their connections, are defined as leaders of separate communities. Each of these communities is populated with other nodes that lie on a path that connects to the leader node of that community. Each node is assigned to only one community, where the community is chosen by assessing which leader is in closest alignment to that node. This alignment is assessed by comparing the position vector, from the origin of the coordinate system, for the leader nodes with the node to be assigned. The dot product of these position vectors determines the leader that is aligned most closely to that node. The application of CDI on an AD subject's adjacency matrix of functional connectivity is shown in [Fig 1](#pone.0231294.g001){ref-type="fig"}, where the network is divided into seven communities.

![An AD subject's ROIs embedded in an eigenvector space where v~1~, v~2~, and v~3~ are the three most dominant eigenvectors of the adjacency matrix.\
Each community of dynamical influence (CDI) is coloured based on their largest eigenvector centrality (EC) value.](pone.0231294.g001){#pone.0231294.g001}

Once community designation is complete, the order of influence is determined by evaluating the largest entry of the most dominant eigenvector for each community (i.e. eigenvector centrality (EC) \[[@pone.0231294.ref015], [@pone.0231294.ref016]\]) that is known to be a non-negative vector. The community that contains the node with the largest EC value (**v**~1~) is ranked as the most influential community, with the other communities ranked in descending order according to their largest EC value.

In this paper, CDI is determined from the three most dominant eigenvectors of the undirected connectivity matrix after applying CST. These are the eigenvectors associated with the largest eigenvalues in magnitude and are shown in \[[@pone.0231294.ref012]\] to identify the nodes that are most effective at driving a directed network to consensus. While many other community detection algorithms exist, CDI is the focus here as it explicitly connects network influence with community designation. It is also worth noting that, unlike many other community detection methods, CDI is deterministic and not susceptible to stochastic processes changing community designations.

Eigenvector alignment {#sec010}
---------------------

The alignment between every ROI, with respect to every other, can be identified by embedding the ROIs in a Euclidean space, defined by the system's three dominant eigenvectors, and assessing the dot product of their position vectors, with respect to the origin of this coordinate frame. This comparison can yield the angle between the two vectors using the well-known relation, $$\begin{array}{r}
{\theta = \text{cos}^{- 1}\left( \frac{\mathbf{r} \cdot \mathbf{s}}{\left| \mathbf{r} \middle| \middle| \mathbf{s} \right|} \right)} \\
\end{array}$$ where **r** and **s** are the position vectors for different ROIs in the eigenvector based coordinate frame. ROIs are closely aligned when they have a small angle between their position vectors. Also note that position vectors require at least one nonzero entry to produce an alignment angle. In this work any zero length position vector, which occurs if a node has no connections, is given a small value to avoid calculation errors.

The following toy example demonstrates how eigenvector alignment (EA) produces similar results to monitoring changes in functional connectivity (i.e. edge weights) between two ROIs, but differs by considering the network-wide impact of every change in connectivity. In [Fig 2](#pone.0231294.g002){ref-type="fig"}, four nodes are connected, with functional connectivity values between 0 and 1, where one edge connecting node B and D has its weight increased from 0.3 to 1. An assessment of functional connectivity would only identify an increased connection between node B and D. EA also notes that the initial alignment, between node B & D of *θ* = 1.57 radians, reduces to *θ* = 0.92 rad (i.e. an increase in alignment). However, in contrast to functional connectivity, EA also detects a significant impact to node A as it was initially fully aligned with node D, *θ* = 0 rad. After increasing the edge weight, this angle increases to *θ* = 0.94 rad, as the node A to D connection is no longer the dominant influence for node D. The other node alignments in this example remain similar, with the next largest change in EA coming from node B becoming less aligned with A (an initial angle of *θ* = 1.57 rad increasing to *θ* = 1.85 rad).

![Toy network example with weighted edges, where the edge weight between node B and D is changed from 0.3 to 1.](pone.0231294.g002){#pone.0231294.g002}

### Filtering results {#sec011}

Eigenvector alignment is applied herein to detect differences between pairs of ROIs in functional connectivity networks. The significance of these differences in EA are determined using Welch's *t* test \[[@pone.0231294.ref032]\]. To mitigate against false detections of significance, EA is only assessed for ROI pairs that are significant when compared with connectivity matrices generated with uniformly distributed random numbers between 0 and 1. For example, a comparison of the AD and HC groups will only include ROI pairs that display a significant difference in either the AD group or the HC group when compared with sets of 1000 randomly generated functional connectivity matrices. The selection of 1000 random matrices ensures a high consistency of ROI pairs that meet the significance threshold. Comparing between sets of 1000 random models produces just over 94% of the same significant ROI pairs, with just over 91% consistently selected by three different sets of 1000 models. Therefore, only the ROI pairs consistently highlighted by all three sets of 1000 models are presented as significant in comparisons with the random models or viable for inclusion in the subject group comparisons.

It is worth noting that a reduction in the number of random models does reduce the consistency of significance detection, but a 200 random model comparison will still produce around a 90% match with the pairs highlighted by a 1000 model. This both demonstrates that EA is capable of consistent findings while emphasises the requirement for filtering on the current dataset where there are at most 10 subjects in a group. The eigenvector alignment algorithm, *t* test scripts and subject dataset are available at \[[@pone.0231294.ref029]\].

Results {#sec012}
=======

Cluster-Span Threshold (CST) is applied throughout the following analyses. In \[[@pone.0231294.ref030]\] clustering coefficient and degree variance were used to demonstrate that CST is a sensitive threshold for AD detection. We demonstrate the effectiveness of CST on this dataset by first dividing the network into communities of dynamical influence (CDI) \[[@pone.0231294.ref012], [@pone.0231294.ref031]\], which are ranked based on their eigenvector centrality as previously described in the Communities of Dynamical Influence section. This ranking captures the influence of communities and enables differences in community size at either end of the influence spectrum to be examined.

When using CST, the number of ROIs in both the most and the least influential communities are seen to significantly vary when comparing the AD subjects with the HC group (*p* = 0.011 and *p* = 0.004 respectively), as depicted in [Fig 3](#pone.0231294.g003){ref-type="fig"} where AD subjects have the largest most influential and the smallest least influential communities. The number of ROIs also vary significantly when comparing the most influential community from the AD and aMCI groups (*p* = 0.028). The finding of significance, in the AD versus HC case, still holds when extending the comparison to include the mean size of the two most and least influential communities, with *p* = 0.034 and *p* = 0.014, respectively, while the AD versus aMCI case falls just outside the threshold *p* = 0.053. The mean number of communities found for all 29 subjects (after thresholding with CST) is around 8 with a minimum of 5 and maximum of 12 communities.

![The variation in community size of (a) the most influential CDI and (b) the least influential CDI for subjects in the HC, aMCI and AD groups.\
The median, 25^th^ and 75^th^ percentile are detailed with the whiskers extending to the most extreme data points. Outliers lie more than three scaled median absolute deviations away from the median and are excluded.](pone.0231294.g003){#pone.0231294.g003}

The use of arbitrary thresholds between 0 and 0.9, at 0.1 intervals, rather than CST can also produce significant differences in community size between subject groups. Significant results are recorded for the most influential communities of AD subjects compared to both the HC group (at thresholds 0.2 and 0.3) and the aMCI group (at thresholds 0.1, 0.2, 0.3 and 0.5). While the higher arbitrary thresholds result in significant differences in the sizes of the least influential communities for both the AD subjects compared to the HC group (at thresholds 0.5 and 0.7) and the aMCI group (at threshold 0.7). The CST defined thresholds varied between 0.24 and 0.27 for the 29 subjects, and managed to create a network where both the most and least influential communities differed significantly for AD subjects compared with HC group, as well as finding a significant difference in the AD versus aMCI case. The pattern of AD subjects having larger most influential and smaller least influential communities when compared with HC subjects is resilient to threshold variation.

As noted previously, community structure is linked with network influence when employing CDI. However it is also important to note that CDI is a relatively consistent assessment of network division, as discussed further in the Discussion section, but it can still be susceptible to variation in the relative scaling of eigenvectors and the number of dominant eigenvectors selected for determining communities. For CDI, the first eigenvector is scaled so that its largest entry is equal to that of any of the other eigenvector entries included in the CDI assessment. This ensures that the communities are strongly associated with global network influence, rather than local. Within 20% of this scaling there remains a significant difference in the most influential community sizes for the AD and HC comparison, whereas the differences in the AD and aMCI comparison lose significance when increasing the eigenvector entries beyond 10%. The difference in the least influential community comparison between AD and HC groups is much less resilient to change in eigenvector scaling with small changes resulting in loss of significance. Note that the pattern of AD subjects having larger most influential and smaller least influential communities, when compared with HC subjects, is resilient to eigenvector scaling for the assessed range.

In \[[@pone.0231294.ref012]\], the use of three eigenvectors for CDI was advocated as a trade-off between effective community detection and ensuring communities are determined based on global network influence. The use of three eigenvectors is supported here as the use of two, four or five dominant eigenvectors fails to produce significant differences in community size when applying CST.

ROI alignment {#sec013}
-------------

In the Eigenvector Alignment section, EA is presented as a holistic extension to examining individual functional connectivity changes. To support this claim, we compare the eigenvector alignments from each subject group with those calculated from three sets of 1000 matrices of uniformly distributed random numbers. The significant alignments for each group are presented in [Fig 4](#pone.0231294.g004){ref-type="fig"}, where a conservative threshold of *p* ≤ 2.5 × 10^−3^ was used and the ROI IDs displayed are detailed in [S1 Table](#pone.0231294.s001){ref-type="supplementary-material"}. These results support the accuracy of EA by noting the large proportion of significant pairs either side of the matrix diagonal. Each of these pairs represent the left and right side of the same cortical area, which as expected would present with an increased alignment when compared with a randomised model of functional connectivity. Not only do these results support the use of EA, in detecting ROI alignment, but they also expose notable differences between the subject groups. In particular, that the AD subjects present with far fewer significant pairs from the same cortical area than the HC group, a finding that will be explored further in the following section.

![Significant eigenvector alignment changes (*p* ≤ 2.5 × 10^−3^) between a the HC, b the aMCI and c the AD groups versus random functional connectivity model.\
An increase or decrease in alignment are noted from the perspective of the group being compared to the random model.](pone.0231294.g004){#pone.0231294.g004}

Finally, as noted in the Filtering Results section, to mitigate against significance arising from noisy data the results in the following sections shall only include ROI pairs that consistently display a significant difference, *p* ≤ 0.05, across all three comparisons with different sets of 1000 randomised connectivity matrices.

Visualising alignment {#sec014}
---------------------

Two significant eigenvector alignment changes, from the AD-HC comparison, are highlighted in [Fig 5](#pone.0231294.g005){ref-type="fig"} by displaying the ROIs in a Euclidean plane defined by the 2^nd^ and 3^rd^ dominant eigenvectors (v~2~ and v~3~) of the adjacency matrix. In [Fig 5a and 5b](#pone.0231294.g005){ref-type="fig"}, the bilateral alignment of the posterior superior temporal gyrus (pSTG) is shown to be significantly lower (*p* = 2 × 10^−3^) for those with AD. This loss in alignment between homologous cortical areas in each hemisphere was expected given the findings presented in [Fig 4](#pone.0231294.g004){ref-type="fig"}. In [Fig 5c and 5d](#pone.0231294.g005){ref-type="fig"}, it is shown that this substantially lower alignment enables the most significant increase in alignment for the AD group (*p* = 2 × 10^−5^), between the right division of the pSTG and the brainstem.

![ROI position comparison according to the 2^nd^ and 3^rd^ dominant eigenvectors.\
Each region is represented by a dot, with connections shown if regions belong to the same subject. The line thickness is proportional to the eigenvector alignment angle, assessed using the three dominant eigenvectors, where a larger thicknesses indicates a larger angle between ROIs. The right (19) and left (20) posterior superior temporal gyrus (pSTG) in **a** and **b**, with the right pSTG (19) and the brainstem (106) in **c** and **d**. HC subjects are shown in **a** and **c** with AD subjects in **b** and **d**.](pone.0231294.g005){#pone.0231294.g005}

[Fig 5a](#pone.0231294.g005){ref-type="fig"} details the close alignment of the left and right divisions of the pSTG, in HC subjects, with a mean alignment angle $\overline{\theta} = 0.29\mspace{600mu}\text{radians}$. This is in contrast to [Fig 5b](#pone.0231294.g005){ref-type="fig"} of the same two ROIs, in AD subjects, where the mean angle increases to $\overline{\theta} = 0.92\mspace{600mu}\text{rad}$.

The right pSTG is poorly aligned with the brainstem, for HC subjects, with a mean $\overline{\theta} = 1.60\mspace{600mu}\text{rad}$. This lack of alignment is visually clear, in [Fig 5c](#pone.0231294.g005){ref-type="fig"}, with the line between the ROIs crossing at least one axis and, for half of the subjects, crossing both axes. Again there is a contrast with the AD group where the mean angle decreases to $\overline{\theta} = 0.68\mspace{600mu}\text{rad}$ for this alignment. This closer alignment for the AD group can be seen in [Fig 5d](#pone.0231294.g005){ref-type="fig"} where there are only a few lines crossing axes and one of those belongs to a pair of closely aligned ROIs near the origin.

Interestingly, the left pSTG also becomes significantly more aligned with the brainstem (*p* = 9 × 10^−4^), for the AD-HC comparison, despite having a decreased alignment with the right pSTG. This shift is significant bilaterally due to the notable lack of alignment in HC subjects between the pSTG and brainstem. The mean alignment angle, with respect to the brainstem, is $\overline{\theta} = 1.614\mspace{600mu}\text{rad}$ for the left and $\overline{\theta} = 1.603\mspace{600mu}\text{rad}$ for the right pSTG in the HC group. This becomes $\overline{\theta} = 0.888\mspace{600mu}\text{rad}$ for the left and $\overline{\theta} = 0.682\mspace{600mu}\text{rad}$ for the right in the AD group.

The brainstem is among one of the most aligned ROIs for the right pSTG in the AD group. The only more aligned ROIs, for the right pSTG, are the left cuneus ($\overline{\theta} = 0.649\mspace{600mu}\text{rad}$) and the left supracalcarine cortex ($\overline{\theta} = 0.680\mspace{600mu}\text{rad}$). Whereas the brainstem is less notably aligned to the left pSTG, which is most closely aligned to the left temporo-occipital middle temporal gyrus ($\overline{\theta} = 0.682\mspace{600mu}\text{rad}$) and the left superior frontal gyrus ($\overline{\theta} = 0.763\mspace{600mu}\text{rad}$).

The increased separation of the left and right divisions of pSTG has been highlighted before in \[[@pone.0231294.ref033]\] where AD is noted to cause disruption of the commissural system connecting the bilateral temporal and parietal cortical areas. Given the reported commissural system disruption in parietal cortical areas \[[@pone.0231294.ref033]\], it is notable that a significantly reduced alignment is also seen between the left and right superior parietal lobules (SPL) in the AD versus HC comparison (*p* = 0.026). In AD subjects, the left SPL is most aligned with the left juxtapositional lobule ($\overline{\theta} = 0.575\mspace{600mu}\text{rad}$) and the left precentral gyrus ($\overline{\theta} = 0.655\mspace{600mu}\text{rad}$). While the right SPL is most aligned with the left anterior supramarginal gyrus ($\overline{\theta} = 0.603\mspace{600mu}\text{rad}$) and the frontal medial cortex ($\overline{\theta} = 0.678\mspace{600mu}\text{rad}$).

The aMCI group also displays significant changes for the right pSTG, versus the HC group, with a significant decrease in alignment with respect to the left pSTG (*p* = 0.043) and an increase in alignment with respect to the brainstem (*p* = 0.038). In both cases aMCI is at an intermediary stage between what is observed from the HC and AD group.

Subject group comparisons {#sec015}
-------------------------

In [Fig 6](#pone.0231294.g006){ref-type="fig"}, significant alignment differences between the AD, aMCI, and HC subject groups are presented, with the ROI IDs detailed in [S1 Table](#pone.0231294.s001){ref-type="supplementary-material"}. The AD versus HC comparison, in [Fig 6a](#pone.0231294.g006){ref-type="fig"}, confirms an expected result of decreased alignment between left and right side of the same cortical area with 11 ROI pairs displayed along the matrix diagonal. This consistent degradation of the commissural system is unique to the AD-HC comparison, with [Fig 6b and 6c](#pone.0231294.g006){ref-type="fig"} both reporting significant decreases and increases in alignment for the ROIs along the diagonal. Other clusters of significant alignment shifts are also observed in each comparison.

![Significant eigenvector alignment changes (*p* ≤ 0.05) between a the AD and HC groups, b the AD and aMCI groups, and c the aMCI and HC groups.\
Significance only assessed for alignment pairs that also achieve *p* ≤ 0.05 against the set of random models. An increase or decrease in alignment are noted from the perspective of the first group being compared to the second.](pone.0231294.g006){#pone.0231294.g006}

The AD versus HC case, [Fig 6a](#pone.0231294.g006){ref-type="fig"}, details significant realignments for the ROIs 81--89, which includes the parietal operculum cortex, planum polare, Heschl's gyrus, planum temporale and supracalcarine cortex. This cluster of ROIs display consistent decreases in alignment to the juxtapositional lobule cortex (51) and the left planum polare (82). While also displaying consistent increases in alignment to the right inferior temporal gyrus (29), left superior lateral occipital cortex (44), left paracingulate gyrus (54) and left supracalcarine cortex (89).

The aMCI versus HC case, in [Fig 6b](#pone.0231294.g006){ref-type="fig"}, displays significant disruption to the nucleus accumbens bilaterally (IDs 104 and 105). This disruption includes decreased alignment with ROIs 62--64 (parahippocampal gyrus) and 68--73 (the temporal fusiform and temporal occipital fusiform cortices). The nucleus accumbens has increased alignment with a number of ROIs in the notable 81--89 cluster, which again experience widespread changes in alignment including decreased alignment to the left pallidum (99).

In the AD versus aMCI case, [Fig 6c](#pone.0231294.g006){ref-type="fig"}, the inferior temporal gyrus (27--32) undergoes significant realignment, including decreases in alignment to the posterior temporal fusiform cortex (70--71) and increases in alignment with the aforementioned ROIs 81--89. The 81--89 cluster also sees widespread increases in alignment with the right temporal fusiform cortex (ID 68 and 70). In the following sections, we will highlight in more detail some of the notable findings from these comparisons.

Alzheimer's disease {#sec016}
-------------------

[Table 1](#pone.0231294.t001){ref-type="table"} details the ROIs with the largest number of significant changes in alignment between the AD and HC groups. This number does not distinguish between an increase or decrease in alignment, as both are present for those listed in [Table 1](#pone.0231294.t001){ref-type="table"}. The left Heschl's gyrus and the bilateral planum polare are prominent in [Table 1](#pone.0231294.t001){ref-type="table"} and are part of the ROI 81--89 cluster highlighted in [Fig 6a](#pone.0231294.g006){ref-type="fig"}. It is notable that these two ROIs are in close alignment for HC subjects but become significantly less aligned in the AD group. Both sides of the Heschl's gyrus have a significant reduction in alignment with respect to the planum polare, but there is a greater change in mean alignment for the left Heschl's gyrus when compared with the left ($\Delta\overline{\theta} = 0.97\mspace{600mu}\text{rad}$, *p* = 0.008) and right planum polare ($\Delta\overline{\theta} = 0.91\mspace{600mu}\text{rad}$, *p* = 0.007).

10.1371/journal.pone.0231294.t001

###### For the AD comparison with HC (AD-HC), the ROIs with the largest number of significant eigenvector alignment changes (*p* ≤ 0.05), with respect to other ROI, are detailed.

![](pone.0231294.t001){#pone.0231294.t001g}

  ID    ROI                                       AD-HC
  ----- ----------------------------------------- -------
  85    Heschl's gyrus Left                       24
  63    Parahippocampal gyrus, anterior Left      16
  82    Planum polare Right                       15
  4     Insular cortex Left                       13
  54    Paracingulate gyrus Left                  13
  44    Lateral occipital cortex, superior Left   12
  83    Planum polare Left                        12
  123   Cerebellum 10 Left                        12

It is interesting to note that despite the links between eigenvector alignment and eigenvector centrality (EC), the ROIs in [Table 1](#pone.0231294.t001){ref-type="table"} are not the same as those that show the most significant changes in EC. For the AD-HC group comparison, a significant decrease in EC is observed for the right posterior middle temporal gyrus (*p* = 0.027), left superior parietal lobule (*p* = 0.049), left juxtapositional lobule (*p* = 0.044) and anterior cingulate gyrus (*p* = 0.016). Alongside an increase in EC for the right caudate (*p* = 0.012), left cerebellum 4 & 5 (*p* = 0.030), and vermis 10 (*p* = 0.001).

Amnestic mild cognitive impairment {#sec017}
----------------------------------

[Table 2](#pone.0231294.t002){ref-type="table"} displays the ROIs with the largest number of significant changes in alignment between the aMCI and HC groups. The right posterior middle temporal gyrus is noteworthy for also having a significant change in its eigenvector centrality (EC) between the aMCI and HC groups. Significant EC decreases are observed in right posterior middle temporal gyrus (*p* = 0.024), vermis 7 (*p* = 0.043) and vermis 10 (*p* = 0.012). Significant EC increases are observed in the right posterior (*p* = 0.042) and left temporooccipital inferior temporal gyrus (*p* = 0.020), right occipital fusiform gyrus (*p* = 0.047), and right cerebellum 8 (*p* = 0.021).

10.1371/journal.pone.0231294.t002

###### For the aMCI comparison with HC (aMCI-HC), the ROIs with the largest number of significant eigenvector alignment changes (*p* ≤ 0.05), with respect to other ROI, are detailed.

![](pone.0231294.t002){#pone.0231294.t002g}

  ID    ROI                                       MCI-HC
  ----- ----------------------------------------- --------
  64    Parahippocampal gyrus, posterior Right    22
  99    Pallidum Left                             22
  104   Accumbens Right                           21
  23    Middle temporal gyrus, posterior Right    19
  105   Accumbens Left                            16
  24    Middle temporal gyrus, posterior Left     13
  30    Inferior temporal gyrus, posterior Left   13
  44    Lateral occipital cortex, superior Left   13

AD and aMCI comparison {#sec018}
----------------------

[Table 3](#pone.0231294.t003){ref-type="table"} compares the AD and aMCI groups on the largest number of significant alignment changes, and displays that more ROIs experience widespread changes to their alignment in this case than the AD-HC or aMCI-HC comparisons.

10.1371/journal.pone.0231294.t003

###### For the AD comparison with aMCI (AD-aMCI), the ROIs with the largest number of significant eigenvector alignment changes (*p* ≤ 0.05), with respect to other ROI, are detailed.

![](pone.0231294.t003){#pone.0231294.t003g}

  ID    ROI                                               AD-MCI
  ----- ------------------------------------------------- --------
  30    Inferior temporal gyrus, posterior Left           21
  31    Inferior temporal gyrus, temporooccipital Right   20
  110   Cerebellum crus2 Right                            18
  91    Occipital pole Left                               17
  70    Temporal fusiform cortex, posterior Right         16
  24    Middle temporal gyrus, posterior Left             15
  29    Inferior temporal gyrus, posterior Right          15
  83    Planum polare Left                                15
  82    Planum polare Right                               14
  101   Hippocampus Left                                  14
  115   Cerebellum 6 Left                                 14
  5     Superior frontal gyrus Right                      13
  128   Vermis 6                                          13
  68    Temporal fusiform cortex, anterior Right          12
  79    Central opercular cortex Left                     12

The left planum polare experiences significant changes according to both EA and EC metrics. Significant decreases in EC are seen for the anterior cingulate cortex (*p* = 0.044) and the left planum polare (*p* = 0.043), while a significant increase in EC is noted for the left anterior supramarginal gyrus (*p* = 0.026).

Hippocampal regions {#sec019}
-------------------

The parahippocampal gyrus displays some notable changes in eigenvector alignment, which are captured in [Table 4](#pone.0231294.t004){ref-type="table"}. In \[[@pone.0231294.ref034]\], the posterior parts of the parahippocampal gyri (pPHG) were found to be preferentially affected in age related memory decline. This is noted in \[[@pone.0231294.ref034]\] to contrast with AD, where the anterior of the parahippocampal gyri (aPHG) has been found to be more severely affected \[[@pone.0231294.ref035], [@pone.0231294.ref036]\]. This pathology is supported by the results in [Table 4](#pone.0231294.t004){ref-type="table"}, which reports a higher number of significant changes in eigenvector alignment for the left and right aPHG, in the AD-HC comparison with 16 and 7 respectively. While the largest change for the left and right pPHG is seen in the aMCI-HC comparison with 22 and 5 respectively. [Table 4](#pone.0231294.t004){ref-type="table"} also reveals that there are only a few significant changes in eigenvector alignment for the pPHG in the AD-HC case, despite the high variation in the aMCI-HC case.

10.1371/journal.pone.0231294.t004

###### Hippocampal regions: The number of significant changes in eigenvector alignment (*p* ≤ 0.05) for each ROI with respect to other ROI are detailed for AD subjects compared to HC (AD-HC) as well as aMCI subjects compared to HC (aMCI-HC) and AD subjects compared to aMCI (AD-aMCI).
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  ID    ROI                                      AD-HC   aMCI-HC   AD-aMCI
  ----- ---------------------------------------- ------- --------- ---------
  62    Parahippocampal gyrus, anterior Right    7       4         5
  63    Parahippocampal gyrus, anterior Left     16      4         8
  64    Parahippocampal gyrus, posterior Right   2       22        11
  65    Parahippocampal gyrus, posterior Left    1       5         3
  100   Hippocampus Right                        2       2         8
  101   Hippocampus Left                         2       7         14

For the hippocampus, [Table 4](#pone.0231294.t004){ref-type="table"} shows that the greatest change in alignment occurs between AD and aMCI subjects. In the aMCI group the left hippocampus is in closest alignment (according to the mean alignment angle) with the left, pars triangularis, inferior frontal Gyrus and the right hippocampus is closest to the left temporal pole. These alignments significantly decrease in AD subjects, with the left hippocampus in closest alignment to the right hippocampus while the right hippocampus is closest to the left amygdala.

Default mode network {#sec020}
--------------------

It has been repeatedly observed that the Default Mode Network (DMN) is affected by AD and aMCI with the posterior cingulate gyrus and precuneus often the focus of such studies \[[@pone.0231294.ref037]\]. We find that ROIs in the DMN are repeatedly highlighted by eigenvector centrality (EC) in each of the comparisons in this paper; decreased EC for the anterior cingulate in both the AD versus HC (*p* = 0.018) and AD versus aMCI (*p* = 0.046), decreased EC for the right angular gyrus in the aMCI versus HC comparison (*p* = 0.025) and increased EC for the left anterior supramarginal gyrus in AD versus aMCI (*p* = 0.024). In contrast, these regions do not show a large number of significant changes in eigenvector alignment, see [Table 5](#pone.0231294.t005){ref-type="table"}. The main exception is the left paracingulate gyrus for both the AD group and aMCI group when compared with HC subjects.

10.1371/journal.pone.0231294.t005

###### Default Mode Network and related ROI: The number of significant changes in eigenvector alignment (*p* ≤ 0.05) for each ROI with respect to other ROI are detailed for AD subjects compared to HC (AD-HC) as well as aMCI subjects compared to HC (aMCI-HC) and AD subjects compared to aMCI (AD-aMCI).

![](pone.0231294.t005){#pone.0231294.t005g}

  ID   ROI                                    AD-HC   aMCI-HC   AD-aMCI
  ---- -------------------------------------- ------- --------- ---------
  37   Supramarginal gyrus, anterior Right    2       5         1
  38   Supramarginal gyrus, anterior Left     1       3         5
  39   Supramarginal gyrus, posterior Right   0       5         2
  40   Supramarginal gyrus, posterior Left    2       1         6
  41   Angular gyrus Right                    5       3         2
  42   Angular gyrus Left                     2       5         4
  53   Paracingulate gyrus Right              8       5         2
  54   Paracingulate gyrus Left               13      9         2
  55   Cingulate gyrus, anterior              0       3         6
  56   Cingulate gyrus, posterior             1       4         1
  57   Precuneous cortex                      1       2         4

To explore this lack of alignment change, the connectivity matrices of the HC group are adapted by replacing the functional connectivity of one ROI. Specifically, the posterior cingulate gyrus (pCG) was selected as a prominent region in the DMN where we would have expected to see change due to AD. The pCG was taken from nine AD subjects and substituted into nine of the HC subjects. By comparing these altered HC connectivity matrices with those of the original HC group, more significant alignment shifts are seen than in the AD-HC comparison. For the subjects with a substituted pCG, there are now 8 significant changes in eigenvector alignment, whereas in the AD versus HC comparison there was only 1. Therefore, the changes to pCG's functional connectivity in isolation are notable but these are masked by other functional connectivity changes in AD subjects. For the substituted case, the pCG has decreased alignment to the left angular gyrus, left paracingulate gyrus and precuneus cortex and increased alignment to the left cuneal cortex, the bilateral lingual gyrus and the bilateral occipital fusiform gyrus.

This ROI substitution can not be detected as easily when only considering EC. There is a decrease in the mean EC value for the pCG ROI, but this is not significant when comparing the alterated HC connectivity matrices with HC subjects nor does it produce any significant changes with respect to other ROI.

In contrast to pCG, performing the same substitution process with the left Heschl's gyrus (which experiences 24 significant alignment changes between AD and HC) only 19 significant alignment changes are observed, where the majority overlap with those seen in the AD-HC comparison. Therefore, unlike the pCG the alignment change is amplified for the Heschl's gyrus by the other functional connectivity changes in AD.

Finally, applying the substitution approach for the anterior cingulate gyrus does not increase the number of significant alignment changes from 0. Therefore, in the following section we will explore another aspect of why these DMN ROI do not present with many significant alignment changes.

Functional connectivity {#sec021}
-----------------------

In the Eigenvector Alignment section the difference between assessing changes in functional connectivity and EA were explored. These differences can result in ROIs experiencing a large number of significant changes in functional connectivity without these translating into significant changes in alignment. For instance by assessing functional connectivity changes for pairs of ROI in the AD versus HC case, the greatest number of changes were seen for the right planum polare and right pallidum with 14 significant changes each. The right planum polare is highlighted by EA in the Alzheimer's Disease section, but the right pallidum is a notable omission with only 3 significant realignments. This appears to be due, at least in part, to its lack of consistently high or low alignments to any ROIs, where the standard deviation of all the mean alignments for the right pallidum is *σ* = 0.163 in the HC group and *σ* = 0.160 in the AD group. This compares with the alignments of the right planum polare with *σ* = 0.294 in HC and *σ* = 0.226 in AD. The anterior cingulate gyrus was noted in the Default Mode Network for not experiencing many significant alignment changes, but like the right pallidum it does display a high number of significant functional connectivity changes, with 11 recorded. Again there is a lack of consistently high or low alignments to any ROI, in either HC or AD subjects (*σ* = 0.184 for HC and *σ* = 0.168 for AD) and without consistently clear alignments few significant changes in alignment will be detected.

Discussion {#sec022}
==========

The use of CDI to compare community size between subject groups at either end of the influence spectrum, rather than one of the plethora of other community detection methods, is justified through its explicit linkage of network division with global network influence. Furthermore, it is worth highlighting that CDI is deterministic with no stochastic processes that are are commonly found in community detection algorithms but can reduce the reliability of findings, such as those presented herein on community size. Eigenvector alignment also links network division and influence in a similar manner to CDI and hence the clear differences in community size, found with CDI after thresholding with CST, supports the application of EA with CST on this dataset.

The insights gained from EA are not exclusive to using three dominant eigenvectors. The Introduction section notes that a range of eigenvectors have been employed previously to identify neuronal circuitry. The use of the most dominant eigenvectors simply ensures that the changes exposed are amongst the most important in terms of information flow around the brain, as captured by functional connectivity. The use of three eigenvectors is supported in \[[@pone.0231294.ref012]\] for identifying influential leaders in systems governed by consensus dynamics. Our findings appear to support the use of three eigenvectors, with AD subjects most clearly identified from the size of their most and least influential communities of dynamical influence (CDI) when using three dominant eigenvectors.

When comparing EA between the HC, aMCI, and AD groups a filter was applied to only include ROI pairs that showed a significant difference in alignment to randomly generated connectivity matrices. This filter was intended to mitigate against false detections of significance given the small size of the dataset. This is potentially good practice even on larger datasets, but it may be worth exploring if this obscures any genuine alignment changes.

In [Fig 4](#pone.0231294.g004){ref-type="fig"} significant disruption to the commissural system of subjects with AD is noted. We also report on restructuring in response to this disruption, where in [Fig 5](#pone.0231294.g005){ref-type="fig"} either side of posterior superior temporal gyrus (pSTG) becomes increasingly separated, in terms of alignment, as a person progresses from HC → aMCI → AD. This separation results in a very significant increase in alignment to the brainstem ROI for both sides of the pSTG, which appears to be compensatory restructuring of the brain's connections in AD. Especially for the right pSTG where the brainstem transitions from being one of the least aligned ROIs in HC subjects to one of the most aligned in AD subjects. A recent investigation using electrophysiological methods indicated hypersensitivity within the brainstem in people with MCI, which may indicate a compensatory process \[[@pone.0231294.ref038]\].

It is acknowledged that ROIs not strongly associated with the AD pathology experience a large number of significant alignment changes---such as the parietal operculum cortex, planum polare, Heschl's gyrus, and planum temporale---whilst other regions that are known to lose functional connectivity maintain a similar alignment to that seen in Healthy Control subjects---such as the ROIs in the Default Mode Network (DMN). The finding of significant disruption to left Heschl's gyrus (also referred to as the transverse temporal gyrus) is interesting as there is growing evidence of AD associated changes in the auditory cortex, which includes the pSTG and Heschl's gyrus. The volume of left Heschl's gyrus can discriminate people with AD from healthy controls (sensitivity 86.5%; specificity 79.7%) \[[@pone.0231294.ref039]\]. Functional connectivity changes in the Heschl's gyrus are associated with age-related hearing loss \[[@pone.0231294.ref040]\], which is a known risk factor for Alzheimer's disease \[[@pone.0231294.ref041]\]. Furthermore, in \[[@pone.0231294.ref042]\], the right auditory cortex is proposed to be initially more resistant to degenerative changes than the left auditory cortex. This conclusion was drawn from the finding that ipsilateral auditory processing is delayed only in the left side for AD subjects. Given the findings in \[[@pone.0231294.ref042]\], it is worth noting the asymmetry in alignment changes for the two sides of the Heschl's gyrus, with 24 significant changes for the left and 9 for the right in the AD-HC case. This auditory asymmetry has also been noted in \[[@pone.0231294.ref043]\] where significant differences in connectivity between the left auditory cortex and the posterior hippocampus is found in carriers of the APOE*ϵ*4 protein, which represents a high risk of AD diagnosis. Our findings relating to the pSTG and Heschl's gyrus contribute to accumulating evidence that, during the course of AD, the auditory cortex appears to be undergoing substantial changes in volume, connectivity and influence.

It is well-established that the DMN experiences reduced functional connectivity in those with AD \[[@pone.0231294.ref037], [@pone.0231294.ref044], [@pone.0231294.ref045]\], therefore changes in eigenvector centrality (EC) and alignment may be anticipated. Differences in EC are seen for the DMN including a clear decrease in EC for the anterior cingulate gyrus (aCG) in AD with respect to both HC and aMCI groups. But the same was not seen for eigenvector alignment, with two reasons highlighted for this. Firstly, eigenvector alignment assesses relative changes in the connectivity network with significant changes in functional connectivity no guarantee of alignment shifts, especially when there are widespread connectivity changes. This claim is supported by replacing the posterior cingulate gyrus (pCG) of HC subjects, with that of AD subjects, to demonstrate that the pCG's functional connectivity changes in isolation would produce significant shifts in eigenvector alignment. Another contributing factor is a lack of consistently high or low alignments to any ROI, as is the case for the aCG. This lack of consistency ensures that significant functional connectivity changes do not convert into significant alignment shifts.

This set of analyses has shown that eigenvector alignment can offer insights into the network properties of the brain, and may be usefully applied in conjunction with other methods to gain a fuller picture of the brain's function. Even within eigenvector alignment, there are a number of elements that can be combined or explored separately. For example, the number of significant alignment changes for a ROI may be few, but these changes might be large in magnitude and extremely important for brain function (e.g., a cognitive ability could be impaired through a disconnection between two single ROIs).

Conclusions {#sec023}
===========

The embedding of functional connectivity matrices, in Euclidean space defined by the system's dominant eigenvectors, provides new insights into structural network changes occurring in subjects with AD and aMCI. Differences in the network community structure of AD and HC subjects can be discerned by comparing their communities of dynamical influence. But more specific insights can be identified by assessing eigenvector alignment, introduced here as a method for comparing individual ROI position vectors in this eigenvector defined coordinate system. EA is shown to provide a holistic assessment of how functional connectivity changes affect the relationship between any two ROI. EA produces expected results in comparisons with randomly generated matrices, where ROI pairs from either side of the same cortical area present as some of the most consistently, closely, aligned pairs. From these comparisons and those between AD and HC subjects, we can see that there is a degradation of the commissural system in AD that displays as a loss of alignment for these same cortical area pairs. For ROIs, such as the posterior superior temporal gyrus (pSTG), compensatory activity can also be detected with EA through the emergence of new consistently close alignments. Eigenvector centrality results are found to often be distinct from those of EA, with the ROIs in the Default Mode Network (DMN) a clear example where significant changes in functional connectivity and EC do not result in EA shifts. The lack of alignment changes highlight that loss in connectivity does not guarantee structural changes, as widespread connectivity loss could result in decreased flow through the network but no structural change. EA provides a mechanism for identifying these purely structural network changes and as such highlights ROIs not commonly associated with the AD pathology. This includes the auditory cortex, with the posterior superior temporal gyrus, Heschl's gyrus, and planum polare undertaking some of the most significant changes in alignment for those with AD and also experiencing notable changes in those with aMCI. EA both detects changes in aMCI that are amplified in AD, such as the pSTG's shift from bilateral alignment to brainstem alignment. Alongside distinct changes in aMCI that differ starkly from those with AD, where prominent alignment shifts are seen only in the posterior parahippocampal gyrus in aMCI while in AD the anterior PHG is predominantly affected.

This analysis formed a proof of concept for eigenvector alignment, which demonstrates clear potential for wider application but would benefit from further analysis on larger datasets that can confirm the reliability of this method and its validity in identifying biomarkers of disease.

Supporting information {#sec024}
======================

###### A list of the ROIs identified according to the CONN atlas.

(PDF)

###### 

Click here for additional data file.

###### Eigenvector alignment where the number of significant changes in eigenvector alignment for each ROI with respect to other ROI are detailed for the comparisons AD versus HC, aMCI versus HC, and AD versus aMCI.

(PDF)

###### 

Click here for additional data file.
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\[1\] G. McKhann, D. Drachman, M. Folstein, R. Katzman, D. Price, and E. M. Stadlan, 'Clinical diagnosis of Alzheimer's disease: report of the NINCDS-ADRDA Work Group under the auspices of Department of Health and Human Services Task Force on Alzheimer's Disease', Neurology, vol. 34, no. 7, pp. 939--944, Jul. 1984, doi: 10.1212/wnl.34.7.939.

\[2\] D. Mascali et al., 'Intrinsic Patterns of Coupling between Correlation and Amplitude of Low-Frequency fMRI Fluctuations Are Disrupted in Degenerative Dementia Mainly due to Functional Disconnection', PLOS ONE, vol. 10, no. 4, p. e0120988, Apr. 2015, doi: 10.1371/journal.pone.0120988.

Additional information on neuropsychiatric symptoms, specific cognitive symptomology and socioeconomic status was not available for inclusion.

Reviewer \#2: The authors present a novel and potentially interesting approach to network analysis in functional connectivity analysis of neuroimaging data. However, the technique is applied only in a single very small dataset. There is a wealth of available open access datasets this method could be applied to. For example, the ADNI dataset would be particularly relevant for this paper. It is entirely reasonable to develop the dataset in a small test dataset, then go on to test the validity of the technique in another dataset.

I do hope the authors would consider doing this, given the potentially interesting findings. However, in its current form it would be rash to accept eigenvector allgnment as a reliable method for this kind of analysis.

Response: We completely agree that there is a lot of potential for applying our methods to larger datasets to both validate the results presented in the paper and explore the reliability of these results as biomarkers for disease. This is work we aspire to complete following this publication and we have adjusted the conclusion to reflect these points and make the provisional nature of these findings clearer:

"This analysis formed a proof of concept for eigenvector alignment, which demonstrates clear potential for wider application but would benefit from further analysis on larger datasets that can confirm the reliability of this method and its validity in identifying biomarkers of disease."

In addition to this clarification, we have made every effort to increase the accessibility of our work by making the eigenvector alignment algorithm, relevant scripts and processed dataset available at \[3\]. In this way, we provide anyone with the tools to validate our work in this paper and investigate the performance on other datasets.

\[3\] Clark, R. (2020, June 10). Eigenvector Alignment (Version v1.0). Zenodo. <http://doi.org/10.5281/zenodo.3888075>

Reviewer \#2: In addition, the authors need to demonstrate the the CDI is better than some of the other methods outlined in the introduction for detecting communities. One issue with community detection is the variability depending on choice of parameters (eg thresholding) and stochastic effects. The authors could consider if they can conclusively demonstrate the superiority of CDI in this respect.

Response: Firstly, CDI is selected as it forms communities around the most influential network nodes, which creates an explicit link between the defined communities and the influence of nodes in the network. This link allows communities to be categorised as most or least influential and, hence, without this link the community size comparison would not be possible. We have attempted to clarify this point throughout the paper:

Text added in the Communities of dynamical influence section:

"While many other community detection algorithms exist, CDI is the focus here as it explicitly connects network influence with community designation. It is also worth noting that, unlike many other community detection methods, CDI is deterministic and not susceptible to stochastic processes changing community designations.

Text added in the Discussion section:

"The use of CDI for this analysis, rather than one of the plethora of other community detection methods, is justified through its explicit linkage of network division with global network influence, which is also fundamental to eigenvector alignment. Furthermore, it is worth highlighting that CDI is deterministic with no stochastic processes that are commonly found in community detection algorithms but can reduce the reliability of findings, such as those presented herein on community size."

The reviewer has raised valid concerns around the issues of stochastic effects, thresholding, and other factors affecting the community designation. We have attempted to address these concerns by first noting that CDI is deterministic as is now highlighted in the previously quoted text. However, thresholding and other factors can influence CDI's community designations. Hence, we have made efforts to add further analysis and discussion to support the findings of differences in community size. The additional analysis includes an extension to the influential community size comparison, where significant differences in the mean sizes of the two least and the two most influential communities are found. The analysis on the use of arbitrary thresholds, instead of the Cluster Span Threshold, has also been updated with significant results seen for certain threshold values and the community size relationship between groups remaining consistent:

"The pattern of AD subjects having larger most influential and smaller least influential communities when compared with HC subjects is resilient to threshold variation."

The CDI algorithm settings that could influence community designation are now highlighted in the text as the number of input eigenvectors and the choice of eigenvector scaling. Both of these aspects are analysed and their impact on the significance of the findings highlighted, while the community size pattern continues to be resilient to variation this time from the algorithm settings.

Finally, this analysis is replicable with the code used to identify communities of dynamical influence made available and referenced in the paper at \[4\].

\[4\] Clark R., Communities of Dynamical Influence (Version v1.0); 2020. Available from:<https://doi.org/10.5281/zenodo.3878931>
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PLOS ONE

Dear Dr. Clark,

Thank you for submitting your manuscript to PLOS ONE. After careful consideration, we feel that it has merit but does not fully meet PLOS ONE's publication criteria as it currently stands. Therefore, we invite you to submit a revised version of the manuscript that addresses the points raised during the review process.

Please submit your revised manuscript by Aug 28 2020 11:59PM. If you will need more time than this to complete your revisions, please reply to this message or contact the journal office at <plosone@plos.org>. When you\'re ready to submit your revision, log on to <https://www.editorialmanager.com/pone/> and select the \'Submissions Needing Revision\' folder to locate your manuscript file.

Please include the following items when submitting your revised manuscript:

A rebuttal letter that responds to each point raised by the academic editor and reviewer(s). You should upload this letter as a separate file labeled \'Response to Reviewers\'.A marked-up copy of your manuscript that highlights changes made to the original version. You should upload this as a separate file labeled \'Revised Manuscript with Track Changes\'.An unmarked version of your revised paper without tracked changes. You should upload this as a separate file labeled \'Manuscript\'.

If you would like to make changes to your financial disclosure, please include your updated statement in your cover letter. Guidelines for resubmitting your figure files are available below the reviewer comments at the end of this letter.

We look forward to receiving your revised manuscript.

Kind regards,

Hocine Cherifi

Academic Editor

PLOS ONE

Additional Editor Comments (if provided):

As suggested by the reviewer, the work will gain in momentum by putting it more clearly in context.

\[Note: HTML markup is below. Please do not edit.\]

Reviewers\' comments:

Reviewer\'s Responses to Questions

**Comments to the Author**

1\. If the authors have adequately addressed your comments raised in a previous round of review and you feel that this manuscript is now acceptable for publication, you may indicate that here to bypass the "Comments to the Author" section, enter your conflict of interest statement in the "Confidential to Editor" section, and submit your \"Accept\" recommendation.

Reviewer \#1: All comments have been addressed

Reviewer \#2: (No Response)

\*\*\*\*\*\*\*\*\*\*

2\. Is the manuscript technically sound, and do the data support the conclusions?

The manuscript must describe a technically sound piece of scientific research with data that supports the conclusions. Experiments must have been conducted rigorously, with appropriate controls, replication, and sample sizes. The conclusions must be drawn appropriately based on the data presented.

Reviewer \#1: Yes

Reviewer \#2: Partly

\*\*\*\*\*\*\*\*\*\*

3\. Has the statistical analysis been performed appropriately and rigorously?

Reviewer \#1: Yes

Reviewer \#2: Yes

\*\*\*\*\*\*\*\*\*\*

4\. Have the authors made all data underlying the findings in their manuscript fully available?

The [PLOS Data policy](http://www.plosone.org/static/policies.action#sharing) requires authors to make all data underlying the findings described in their manuscript fully available without restriction, with rare exception (please refer to the Data Availability Statement in the manuscript PDF file). The data should be provided as part of the manuscript or its supporting information, or deposited to a public repository. For example, in addition to summary statistics, the data points behind means, medians and variance measures should be available. If there are restrictions on publicly sharing data---e.g. participant privacy or use of data from a third party---those must be specified.

Reviewer \#1: Yes

Reviewer \#2: Yes

\*\*\*\*\*\*\*\*\*\*

5\. Is the manuscript presented in an intelligible fashion and written in standard English?

PLOS ONE does not copyedit accepted manuscripts, so the language in submitted articles must be clear, correct, and unambiguous. Any typographical or grammatical errors should be corrected at revision, so please note any specific errors here.

Reviewer \#1: Yes

Reviewer \#2: Yes

\*\*\*\*\*\*\*\*\*\*

6\. Review Comments to the Author

Please use the space provided to explain your answers to the questions above. You may also include additional comments for the author, including concerns about dual publication, research ethics, or publication ethics. (Please upload your review as an attachment if it exceeds 20,000 characters)

Reviewer \#1: (No Response)

Reviewer \#2: Many thanks for revising the manuscript, and in particular strengthening the methodological aspects of the paper. This is very much welcome. I appreciate the discussion of stochastic vs deterministic effect, this is much clearer.

I didn\'t perhaps explain my comments as well as I could have done previously. It\'s not clear to me whether this paper is 1. trying to demonstrate that this method can be applied in brain imaging, which is fairly trivial, 2. validating the method by reproducing a well known change found by another method, or, 3. proposing a new insight in to Alzheimer\'s disease. To help this, it would be useful to more clearly state a hypothesis to test.

The results as presented are therefore rather exploratory and a challenging to relate to what we know about AD. For example, Heschl\'s gyrus is not typically involved early in AD, and alignment of temporal lobe regions to the brainstem is difficult to explain. It is difficult to tell whether these hard to explain findings are an issue with the underlying method, the small sample size, or whether they represent a novel insight in to AD.

In order to assess the underlying method, it would be helpful to have a more clear hypothesis of expected findings based on previous work, or to compare with another method. I accept that comparing with other methods can be difficult when trying to demonstrate some superiority - ideally you\'d like to show some overlap in the findings, but that the \'new\' method demonstrates additional changes.

In order to clarify whether the small sample size is an issue, validating in a different dataset would be ideal. In many ways, it would be better to \'train\' on the larger dataset and \'validate\' on a smaller dataset. That\'s why I suggested ADNI which is readily available and has comparable data with functional imaging in AD, MCI and health control groups.

If the authors are trying to validate the method in neuroimaging in general, it would be better to choose to test an hypothesis that is more established rather than AD where there are conflicting reports, or to use modelled data such as with the virtual brain (<https://www.thevirtualbrain.org/tvb/zwei>).

\*\*\*\*\*\*\*\*\*\*

7\. PLOS authors have the option to publish the peer review history of their article ([what does this mean?](https://journals.plos.org/plosone/s/editorial-and-peer-review-process#loc-peer-review-history)). If published, this will include your full peer review and any attached files.

If you choose "no", your identity will remain anonymous but your review may still be made public.

**Do you want your identity to be public for this peer review?** For information about this choice, including consent withdrawal, please see our [Privacy Policy](https://www.plos.org/privacy-policy).

Reviewer \#1: No

Reviewer \#2: **Yes: **Timothy Rittman

\[NOTE: If reviewer comments were submitted as an attachment file, they will be attached to this email and accessible via the submission site. Please log into your account, locate the manuscript record, and check for the action link \"View Attachments\". If this link does not appear, there are no attachment files.\]

While revising your submission, please upload your figure files to the Preflight Analysis and Conversion Engine (PACE) digital diagnostic tool, <https://pacev2.apexcovantage.com/>. PACE helps ensure that figures meet PLOS requirements. To use PACE, you must first register as a user. Registration is free. Then, login and navigate to the UPLOAD tab, where you will find detailed instructions on how to use the tool. If you encounter any issues or have any questions when using PACE, please email PLOS at <figures@plos.org>. Please note that Supporting Information files do not need this step.
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Author response to Decision Letter 1

6 Aug 2020

Reviewer \#2: Many thanks for revising the manuscript, and in particular strengthening the methodological aspects of the paper. This is very much welcome. I appreciate the discussion of stochastic vs deterministic effect, this is much clearer.

I didn\'t perhaps explain my comments as well as I could have done previously. It\'s not clear to me whether this paper is 1. trying to demonstrate that this method can be applied in brain imaging, which is fairly trivial, 2. validating the method by reproducing a well known change found by another method, or, 3. proposing a new insight in to Alzheimer\'s disease. To help this, it would be useful to more clearly state a hypothesis to test.

The results as presented are therefore rather exploratory and a challenging to relate to what we know about AD. For example, Heschl\'s gyrus is not typically involved early in AD, and alignment of temporal lobe regions to the brainstem is difficult to explain. It is difficult to tell whether these hard to explain findings are an issue with the underlying method, the small sample size, or whether they represent a novel insight in to AD.

In order to assess the underlying method, it would be helpful to have a more clear hypothesis of expected findings based on previous work, or to compare with another method. I accept that comparing with other methods can be difficult when trying to demonstrate some superiority - ideally you\'d like to show some overlap in the findings, but that the \'new\' method demonstrates additional changes.

In order to clarify whether the small sample size is an issue, validating in a different dataset would be ideal. In many ways, it would be better to \'train\' on the larger dataset and \'validate\' on a smaller dataset. That\'s why I suggested ADNI which is readily available and has comparable data with functional imaging in AD, MCI and health control groups.

If the authors are trying to validate the method in neuroimaging in general, it would be better to choose to test an hypothesis that is more established rather than AD where there are conflicting reports, or to use modelled data such as with the virtual brain (<https://www.thevirtualbrain.org/tvb/zwei>).

Thank you for raising these concerns, I think in addressing your concerns we have significantly improved the clarity of the method and the reliability of the results.

Authors\' response: In response to what the paper is trying to achieve we believe it now fulfils all 3 of your criteria:

\- We believe it achieves 1 that as you state is fairly trivial.

\- We agree that it did not convincingly achieve 2 in the previous submission and have now introduced a comparison between subject groups and random models, which validates that eigenvector alignment functions as we'd expect with respect to the healthy control group in this dataset.

\- We continue to propose insights that are not strongly associated with the AD pathology but have included further evidence from other studies that support these findings.

The issues highlighted with the paper appear to stem from a lack of clarity on how the underlying method functions and whether it produces reliable findings, especially on a small sample size. Starting with the underlying method, we have added a toy example in the methods section to illustrate that eigenvector alignment is essentially a comparison of pairwise functional connectivity. This toy example also highlights how our method's holistic assessment of the changing relationship between two ROIs differs from just assessing differences in functional connectivity.

Taking the intuitions gained from the toy example, we have added a validation of eigenvector alignment on the current dataset by comparing each subject group with random models of connectivity matrices. The results of these comparisons consistently display increased alignment for ROI pairs from either side of the same cortical area. This is as expected, where the same cortical area would be in closer alignment in subject data than in randomised networks. The use of different sets of random models shows that eigenvector alignment is capable of consistent detection of significant ROI pairs.

Following on from this validation step, the random model analysis is also used to filter the results in the subject group comparisons. In this way, only ROI pairs that display significantly different alignment from the sets of random models are eligible for comparisons between subject groups. This filter does influence the results of the paper but not enough to affect the main findings of the paper and adds reassurance to the reader that we have mitigated against false detections of significance given our sample size.

Finally, we have added additional discussion around the changes seen in the brainstem and auditory cortex by highlighting how these correspond with other research on AD and memory impairment. Including:

"A recent investigation using electrophysiological methods indicated hypersensitivity within the brainstem in people with MCI, which may indicate a compensatory process \[38\]."

"Functional connectivity changes in the Heschl's gyrus are associated with age-related hearing loss \[40\], which is a known risk factor for Alzheimer's disease \[41\]."
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Dear Dr. Clark,

We're pleased to inform you that your manuscript has been judged scientifically suitable for publication and will be formally accepted for publication once it meets all outstanding technical requirements.

Within one week, you'll receive an e-mail detailing the required amendments. When these have been addressed, you'll receive a formal acceptance letter and your manuscript will be scheduled for publication.

An invoice for payment will follow shortly after the formal acceptance. To ensure an efficient process, please log into Editorial Manager at <http://www.editorialmanager.com/pone/>, click the \'Update My Information\' link at the top of the page, and double check that your user information is up-to-date. If you have any billing related questions, please contact our Author Billing department directly at <authorbilling@plos.org>.

If your institution or institutions have a press office, please notify them about your upcoming paper to help maximize its impact. If they'll be preparing press materials, please inform our press team as soon as possible \-- no later than 48 hours after receiving the formal acceptance. Your manuscript will remain under strict press embargo until 2 pm Eastern Time on the date of publication. For more information, please contact <onepress@plos.org>.

Kind regards,

Hocine Cherifi

Academic Editor

PLOS ONE

Additional Editor Comments (optional):
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Dear Dr. Clark:

I\'m pleased to inform you that your manuscript has been deemed suitable for publication in PLOS ONE. Congratulations! Your manuscript is now with our production department.

If your institution or institutions have a press office, please let them know about your upcoming paper now to help maximize its impact. If they\'ll be preparing press materials, please inform our press team within the next 48 hours. Your manuscript will remain under strict press embargo until 2 pm Eastern Time on the date of publication. For more information please contact <onepress@plos.org>.

If we can help with anything else, please email us at <plosone@plos.org>.

Thank you for submitting your work to PLOS ONE and supporting open access.

Kind regards,

PLOS ONE Editorial Office Staff

on behalf of

Professor Hocine Cherifi

Academic Editor

PLOS ONE
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